Nutzungsbedingungen
Introduction
Information about the future economic performance of a country is of uttermost importance in a number of applications. Policy makers need forecasts on future economic growth rates in order to design the correct stance of their policies. In finance, a new field of application is represented by the international accord known as Basel II, which sets, within a broader regulatory framework, new and more risk-sensitive capital requirements that naturally depend on the state of the economy. 1 The Term Structure of Interest Rates (TSIR) and in particular the term spread, i.e. the difference between a long-and a short-term interest rate, is taken in the literature as an indicator of market expectations about future economic performances (e.g. Estrella and Hardouvelis (1991 ), Estrella and Mishkin (1997 , 1998 , Bernard and Gerlach (1998) , Ang et al., 2006) . It is particularly attractive for this purpose as TSIR data are instantaneously available also for long maturities, so that forecasts are possible over long horizons as well. The predictive power of the term spread about future economic performances basically stems from the Rational Expectation Hypothesis (EH), according to which long-term interest rates are averages of appropriate expected future shortterm interest rates. In particular, when the market anticipates a recession, a reduction in expected future short-term interest rates is anticipated and the TSIR flattens, so that a change in the slope of TSIR (i.e. in the term spread) indicates a change in the expected future economic performances.
This basic EH connection between the term spread and future real activity may be modified via two main channels: monetary policy and intertemporal consumers choices. Consider a tightening monetary policy: short-term interest rates rise, whereas long-term rates also rise but generally less than the former, leading to a reduction of the term spread. The contraction can induce lower spending in sensitive sectors of the economy and thus a slowdown in the economic growth rates (see Estrella (2005) for a comprehensive theoretical rational expectations model and Estrella and Mishkin (1997) for empirical evidence in favour of the key role played by the monetary policy in the relationship between the TSIR and future real output). On the other hand, intertemporal F o r P e e r R e v i e w 2 consumer choice theory assumes that consumers prefer stable rather than fluctuating levels of income. Accordingly, if a recession is expected consumers will increase savings and buy long-term bonds to get payoffs during the slowdown, inducing a decrease of long-term yields. On the other hand, they may sell short-term bonds making the relative yields rise. Therefore, when a recession is expected, the term spread reduces and the TSIR flattens (see e.g. Harvey (1988) for a full account).
Many empirical works in literature have investigated the spread as a predictor of future economic activity but only a few have analysed this issue for the Italian case: e.g. Estrella and Mishkin (1997) and Sensier et al. (2004) perform comparative studies, Moneta (2003) tests the consistency between Euro area and individual countries, Marotta et al. (2006) focus on the case of Italy and forecast recession likelihood in order to estimate default probabilities.
The aim of the present paper is to examine the information content of the Italian term spread as for real economic growth rates and recession probabilities and to test its predictive power in forecasting regime probabilities. The present analysis differs from previous works on the Italian case for the following features. First, two approaches are implemented in order to test the robustness of the informative content of the term spread. In the former, the term spread is used as explanatory variable of future growth rates of the real economy and specifically a nonlinear model is implemented, namely the Logistic Smooth Transition (LSTR) model. In the latter, the spread is used to predict the likelihood of future recessions and a binary probit model is employed for the prediction of recession probabilities. Second, a more recent and a higher-frequency dataset is used.
More precisely, monthly rather tha n quarterly data are used, so that a closer match between the business cycle chronology and the classification of recession/expansion periods in the sample under analysis is possible. Finally, in order to assess the sensitivity of the results to the business cycle chronology used, this paper departs from Marotta et al. (2006) by considering the OECD chronology.
The remainder of the paper is organized as follows. Section 2 briefly reviews the literature on the predictive power of the term spread over economic growth rates and regime probabilities. Section 3 F o r P e e r R e v i e w 3 illustrates the econometric framework used to test the information content and the predictive power of the spread. Section 4 describes the dataset, the empirical analyses and discusses the results obtained. Section 5 presents the forecast analysis and Section 6 compares results with literature.
Last Section concludes.
Literature Overview
The literature on the term spread as an indicator of market expectations about future economic performances is extremely vast. In this Section we focus on the studies taking the terms spread as predictor of either real output or recession probabilities.
Earlier works on the predictive content of the term spread for real output rest on simple linear models.
2 Among others, Harvey (1989) reports that US real GNP growth rates 1-to 5-quarter ahead significantly depend on the contemporaneous values of the spread between 5-year T-Bond and 3-month T-Bill rates. Similarly, Estrella and Hardouvelis (1991) using US quarterly data observe that the slope of the TSIR measured by the spread between 10-year T-Bond and 3-month T-Bill rates predicts quite well both cumulative changes in real GNP and recession probabilities up to four years ahead. However, empirical evidence on the informa tive power of the spread is not always consistent between countries: Plosser and Rouwenhorst (1994) for instance confirm the predictive power of the spread for US, Canada and Germany, but not for France and UK.
By contrast, more recent works implement nonlinear models. More specifically, the nonlinearities typical of the relationship between a term spread and real economic growth have been generally modelled by means of either threshold models or Markov Switching models. Among the studies adopting the latter approach, Artis et al. (2004) real output and the term spread depends on the coefficients of the monetary reaction function. In particular, the more adverse the policy maker to deviations from target inflation, the weaker the predictive power of the spread on future output changes. In other words, this relationship is not linear as it depends, at least partially, on the monetary regime in use.
As for the predictive power of the spread over future recessions, Estrella and Mishkin (1997) study the issue for France, Germany, Italy, UK and US and find different evidence depending on the country considered: stronger predictive power in US and Germany, weaker in UK and Italy. Dueker (1997) concludes that the spread not only can provide useful information about the likelihood of future US recessions, but it also outperforms other variables, although it can predict neither the precise onset nor the duration of the recessions. Similarly, Bernard and Gerlach (1998) 3 The same Markov-Switching framework is used in many other papers but with different aims: e.g. Vazquez (2004) to investigate the relationship between the term spread and the short rate changes, Kim and Nelson (1999) to predict business cycle turning points of US business cycle. 4 The smooth transition models were first used by Terasvirta in seminal works, basically aimed to find the best specification for nonlinear time-series. As an example, in Terasvirta and Anderson (1992) smooth transition autoregressive (STAR) models are used to describe various time-series representing business cycles, such as production and unemployment. Similarly, Terasvirta (1995) compares the fit of the annual per capita GNP to the logistic and the exponential smooth transition autoregressive model. 5 Bec et al. (2002) find that the empirical description of monetary policy by linear Taylor rules sensibly improves using a STR form. find evidence of the spread predictive power on future recession probabilities up to two years ahead in eight countries (Belgium, Canada, France, Germany, Japan, the Netherlands, UK and US over the period . They also test its robustness to the inclusion of countries' leading indicators and report a "cross-country" effect: German and US spreads are particularly significant also in Japan and UK regressions respectively. Sédillot (2001) compares what he defines the "q uantitative approach" that uses the spread to forecast economic growth rates with the "qualitative" one, in which the spread is instead used to forecast recession probabilities, and concludes that for all countries considered (France, Germany and US) the l atter provides an interesting alternative to the previous one. Moneta (2003) Institute) chronology is adopted and underline the importance of a further analysis of the chronology selection issue.
The methodology

The spread as predictor of economic growth rates
Provided that Expectation Hypothesis holds 6 , the predictive power of the term spread on future economic activity can be tested by means of different models. In particular, the linear model could be used, in which lagged values of the spread are used to forecast the change in real economic activity k periods ahead, i.e.:
6 EH can be tested in different ways ranging from simple regressions to cointegration tests (e.g. see Campbell and Shiller (1991) , Boero and Torricelli (2002) , Sarno et al. (2005) , Kalev and Inder, 2006 
where t ε is the auxiliary-regression error term, and then testing the following joint-significance hypothesis: 0 :
Note that the delay parameter d is chosen for each horizon k as the one that minimizes the p-value of the null being tested, i.e. (3). Then, if (3) is rejected, non-linearity of model (1) is substantiated.
In fact, the nonlinearities described above can in principle be modelled by means of either MarkovSwitching or Threshold models, whereby the former represent a more general framework in which the latter can be represented as particular cases. However, Priestley (1988) 
where the nonlinearity of the model is incorporated in the transition function ( ) 
or an exponential function:
where in both cases Venetis et al. (2003) , the choice can be made empirically by testing the following sequence of null hypotheses: H , then the exponential function is chosen, otherwise the logistic specification of G is preferred.
The spread as predictor of recession probabilities
A second approach to test the information content of the TSIR is based on the predictability view of the business cycle and uses the term spread to predict economic recession k periods ahead. The dependent variable used in this case, named recession, is an indicator variable assuming value 1 if the economy is in a recession and 0 otherwise. Following Estrella and Hardouvelis (1991) and Estrella and Mishkin (1997), a probit model can be used 9 :
where F indicates the normal cumulative distribution function. If 1 α is statistically significant, then the spread contributes to predict future recession probabilities and fitted values are the estimated probabilities of the economy being in a recession k periods ahead conditional on the information in 9 A logit model could alternatively be used (as in Sensier et al., 2004) . In this paper a logit model was estimated on the same dataset with similar results and hence it is not presented. 
where k t X − is a vector of additional explanatory variable(s). If 1 α is significant in (10) but not in (11), then the predictive power of the spread is not robust to the inclusion of other informative variables. Finally, the contribution of the spread in predicting future recession probabilities is evaluated on the basis of in-and out-of-sample forecasts. To this end, forecast performances of model (10) can be compared with those of a benchmark model including the OECD composite Leading Indicator (LI) only, i.e.:
The in-sample forecasts of models (10) and (12) are compared on the basis of the number of Hits (i.e. the model predicts recession when there is indeed recession) and of False Alarms (i.e. the model predicts recession when it does not occur). The out-of-sample forecast performances of the two models are compared by means of three measures: the Quadratic Probability Score (QPS), the Log Probability Score (LPS) and the Kuipers Score (KS). QPS is a loss function bounded between 0 and 2 defined as:
where t p are the fitted recession probabilities. LPS is a non-negative function, which penalizes large mistakes more than QPS and is computed as follows:
Finally, KS by construction penalizes "one-prediction" models, i.e. those forecasting always recession or expansion, as it is defined as the difference between the percentage of Hits (H) and the percentage of False Alarms (F), respectively computed as: 
where p is a threshold value (bigger than the sample proportion) such that for p p ≥ the model predicts recession.
Since several studies in the existing literature highlight the sensitivity of the results to the business cycle chronology adopted, we also examine the forecast performances of the term spread under two different chronologies, namely the ECRI and the ISAE chronologies. The two alternatives are chosen based on the following observations: the former is among the most widespread in the literature and the latter is specific to the Italian case.
Dataset and Empirical Results
The dataset 10 spans over the period December 1983 -July 2005 and includes monthly observations for four variables in Italy: the spread, the OECD Composite Leading Indicator, a proxy for the economic activity and a dummy variable for the recession. A few observations are here in order.
First, different measures of the term spread have been proposed in literature (e.g. see Harvey
(1989) and Dueker, 1997) . This paper sticks to the most widespread one: the spread between 10-year and 3-month rates, whereby the former is represented by the 10-year Italian Government Bond
Yield and the latter by the 3-month Eurorate. Second, as a proxy for real activity the seasonally adjusted Index of Industrial Production has been preferred to the GDP since data for the latter are available only on a quarterly basis. Finally, the selection of a particular business cycle chronology is a relevant issue. Table 1 ), which differs from the ISAE and ECRI ones for capturing minor cycles too. 12 More precisely, we assign to each month in the sample value 1 if falling within a recession, i.e. between a peak and a trough, and 0 otherwise.
[ Table 1 ]
The spread as predictor of economic growth rates
As a first step, the linear model (1) is estimated for the forecast horizons k=3,6,12,24 and including all lagged term spread (i=1,3,6,12,18,24 months). Nevertheless, the obtained results are quite poor 13 : in most predictive horizons examined the last-two-year spread only turns out to be significant, the estimated coefficients display signs opposite to the expectations, i.e. minus, and the overall R 2 is quite low, ranging between 3% and 13%. Models such as (1) in fact do not take into account the different effects that the spread could in principle have on the growth rates depending on its value being high or low. We thus test for nonlinearity in (1) by means of the specific LST test, which also allows the determination of the delay parameter d for each forecast horizons (Table   2 ).
[ Table 2 ]
As reported in Table 3 , the null of linearity (i.e. equation (3)) is strongly rejected for all forecast horizon k, proving that a linear model may not fully capture the nonlinearities associated with the relation holding between interest rates spread and economic growth rates.
[ Table 3] 12 Different chronologies may be associated to different business cycle dynamics in terms of possible asymmetries. An investigation of the symmetric vs. asymmetric nature of the business cycle goes beyond the scope of this paper, but a renewed interest in the issue is present in the literature (e.g. Stanca (1999) , Andreano and Savio (2002), Peirò, 2004) . 13 Detailed results are available upon request. H F-test are systematically bigger than those for the other two hypotheses (see Table 4 ).
[ Table 4 ]
Thus, the nonlinear model estimated with Nonlinear Least Squares (NLS) is specified as
where the model specification includes also j autoregressive components in response to the autocorrelation observed in the residuals. In particular, given the monthly frequency of the data, we set j=12. Estimates are expected to be positive for i β and ne gative for i φ . In other words, if the lagged value of the spread is lower than c, i.e. the first regime is activated, an increase in the spread points to an increase in the economic activity, while if the second regime is active (i.e. if the spread is already exceptionally high and above the positive threshold c) an additional increase in the spread leads to a reduction in economic growth.
A general-to-specific approach is adopted to select the significant spreads: all lagged spreads (i=1,3,6,12,18,24 months) are initially included, then the non-significant ones are sequentially eliminated and the nonlinear models re-estimated till the appropriate final specifications are found.
As the initial NLS estimates for γ (see Table 5 ) are always very high, indicating that only a few [ Table 6 ]
Results of the NLS estimation for each forecast horizon (k=3,6,12,24 months) are reported in Table   6 and are quite good. First, the need for a nonlinear specification is again confirmed by the L NL σ σ ratio always less than one. Second, the fit of the model seems much better when the subsample is considered: the R 2 ranges between 82% (k=3) to 95% (k=24). In addition, across all forecast horizons k, the most significant coefficients are associated with the last-year and last-twoyear spreads, thereby showing that the term spread has a significant role as an explanatory variable of economic growth rates, even if with some delay. Furthermore, the estimated coefficients display the expected signs: i β coefficients have positive signs (i.e. when the first regime is activated a positively sloped term structure suggests an increase in the output growth rates) while i φ have 14 This procedure is in line with Venetis et al. (2003) and could in principle lead to inconsistent estimates; however, provided that γ is sufficiently large, the bias is practically negligible.
15 Detailed results are available upon request. [ Table 7 ]
The spread as predictor of recession probabilities
In order to test the robustness of this result, the model is re-estimated including an additional explanatory variable. While some authors (e.g Estrella and Mishkin, 1997) include into the model more than one variable, in this paper only the OECD LI is considered as it already encloses several economic indicators. 16 Table 8 thus reports the estimation output of the probit model (11). The coefficients associated with LI are never statistically different from zero while, consistently with the results for model (10), the spread coefficients remain strongly significant and negatively signed in all cases but k=12. Furthermore, the inclusion of LI into the model produces only minor changes in both fit measures McFadden R 2 and φ , suggesting that no relevant improvement of the model is produced when LI is included. Therefore Italian data not only confirm the link existing between the term spread and future recession probabilities, but also prove its robustness to the inclusion of an additional informative variable such as LI.
[ Table 8 ] 16 See www.oecd.org for additional information. , cannot be implemented here since the model would always predict recessions. Hence, in order to compensate for the prudential chronology which is peculiar to OECD, a slightly higher but still reasonable threshold is chosen.
The number and proportion of Hits and False Alarms of the in-sample forecasts for both models are reported in Table 9 . Overall, the model including the spread displays a higher number of Hits and a smaller (or in one case equal) number of False Alarms. Thus, in-sample forecasts confirm that the spread actually adds useful information to predict future recessions and hence substantiate its predictive power.
[ Table 9 ]
Out-of-sample forecasts are computed over the period January 1995 -July 2005 and are evaluated on the basis of three measures: the Quadratic Probability Score (QPS), the Log Probability Score (LPS) and the Kuipers Score (KS). Table 10 reports a comparison between the two models. Loss-
functions QPS and LPS always display lower values and KS always higher values in the model
including the spread, hence further supporting its additional predictive power.
17 See for instance Granger and Teräsvirta (1993) and Clements et al. (2004) . 18 Recall that the OECD chronology reports also minor cycles and thus in our sample it turns out that 136 periods (out of 260) are classified as recessions. In sum both in-and out-of-sample forecasts prove that the term spread can provide useful information to forecast future recessions in Italy. Based on this evidence, the spread is employed to predict future recessions and the fitted recession probabilities of model (10) are compared with actual recessions as from the OECD chronology (see Figure 1 ).
[ Figure 1 ]
By a visual inspection of the graph, two main observations are apparent. First, there is quite a marked difference in the predictive power of the spread between the period 1984-1991 and the period 1992-2005, whereby in the latter forecasts appear to be more accur ate than in the former.
The spread alone actually predicts all major recessions (Oct.91-Dec.93, Jan.96-May.99, Jan.01-Nov.01), it gives just one False Alarm in July 1995 and captures the shorter recessions occurring during the last five years and reported by OECD chronology. As for the period 1984-1991, the somewhat unsatisfactory forecasts are not totally surprising if we recall that this period, by contrast to the following one, contains the only cycles, which are registered by the OECD although marked as minor ones (see Table 1 ).
Second, and in relation with the latter observation, most false predictions can be reinterpreted in connection with alternative business cycle chronologies. For example, the 1986 and 1990 predictions of an expansion, which are wrong according to the OECD chronology, are consistent with the both the ISAE and ECRI chronology (see Table 11 ). As for the 1995 false alarm, it should be stressed that the dating of the turning point in those years was particularly difficult (see Altissimo et al., 2000) .
[ Table 11 ]
In the light of the latter observations and of the sensibility of the results to the business cycle chronology adopted, the forecast performances of the term spread under the OECD chronology (both in-and out-of-sample) are compared to those obtained by adopting different chronologies, Table 12 ).
[ Table 12 ] Regardless of the model in fact the OECD chronology leads to sensibly higher percentages of Hits compared to both the other chronologies considered. On the other hand, it also displays the higher number of False Alarms, probably as a consequence of the particular prudence peculiar of this chronology stemming from the inclusion of minor cycles too. Nevertheless, the predictive power of the term spread is confirmed since also for ECRI and ISAE chronologies the model including the spread leads to generally higher percentages of Hits and lower percentages of False Alarms compared to the model including the LI.
The out-of-sample forecast performances also substantially vary across the different chronologies (see Table 13 ). However, the results obtained overall substantiate the predictive power of the term spread compared to the LI, as with the only exception of the ECRI chronology, the model including the spread generally leads to lower QPS and LPS and higher KS. Furthermore, by comparing the forecast performances of model (10) across all the chronologies, it emerges that OECD chronology overall leads to better performances, especially over longer forecast horizons.
[ Table 13 ]
In sum, results indicate that, given difficulties in business cycle dating (e.g. Bruno and Otranto, 2004) , the selection of an appropriate business cycle chronology has to be done with special attention not only to the specific country, but also to the time period under consideration.
A comparison with the literature
A few recent papers have tested the informative content of Italian term spread w.r. Table 14 from which it is apparent that the present paper differs from previous works both for methodology and dataset.
[ Table 14 By a comparative inspection between the results in this paper and previous ones, two main remarks are in order. First, in line with the literature the predictive power of the spread is here validated, despite different approaches, dataset and chronologies are adopted. Thus, the overall informative content of the term spread turns out to be robust to the methodology used for the empirical analysis.
On the other hand, some results appear to be sensitive to the setup taken in the empirical investigation (recalled in Table 10 ). Sensier et al. (2004) observe that the predictive power of the spread is not maintained when other informative variables are considered. In contrast, the Estrella and Mishkin (1997) , in contrast to Moneta (2003) that reports the informative content decreasing with the forecast horizons. Finally, in line with the only paper focused on the regime prediction specifically for the Italian case, i.e. Marotta et al. (2006), the results reported in this study prove the importance of adopting the right chronology for the business cycle forecast.
Conclusions
Despite a rich empirical literature on the information and predictive content of the term spread on real economic activity, only a few works have analysed this issue for the Italian case. This study differs from the previous ones on the Italian case for the dataset, the business cycle chronology and the methodology used. First, a more recent (December 1983 -July 2005) and higher frequency (monthly rather than quarterly observations) dataset is used, whereby the latter feature allows a better match between the business cycle chronology and the classification of recession/expansion periods in the sample under analysis. Second, as previous works stress the sensitivity of the results to the chronology used (see Moneta (2003) and Marotta et al., 2006) , the OECD chronology, never used in previous works related to Italian case, is here adopted. Finally, two approaches are implemented to assess the informative content of the term spread on real activity: in the first the spread is used to forecast economic growth rates while in the second it is used as predictor of future recession probabilities. As for the former the nonlinear Logistic Smooth Transition (LSTR) model is estimated implementing a general-to-specific procedure to find the best specification for each forecast horizon under analysis. As for the second approach, a binary probit model is employed, using as explanatory variables either the spread alone or the spread along with the OECD These results are of interest in various applications and specifically in finance. In this respect, it has to be stressed that when regime forecasts are used in real applications, the selection of the business cycle chronology is possibly the most important issue because results appear to be sensitive to it.
Composite Leading Indicator (LI). Both implementations offer results which support the
In particular, the results reached in this paper show that the choice has to be done with special attention to the specific feature of the country and the specific time period under consideration. A joint investigation of the business cycle dating issue and the business cycle prediction certainly deserves a separate study.
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